Identifying the causes of historical trends in relative sea level-the height of the sea surface relative to Earth's crust-is a prerequisite for predicting future changes. Rates of change along the eastern coast of the USA (the US East Coast) during the past century were spatially variable, and relative sea level rose faster along the MidAtlantic Bight than along the South Atlantic Bight and the Gulf of Maine. Past studies suggest that Earth's ongoing response to the last deglaciation [1] [2] [3] [4] [5] , surface redistribution of ice and water 5-9 and changes in ocean circulation 9-13 contributed considerably to this large-scale spatial pattern. Here we analyse instrumental data 14,15 and proxy reconstructions 4,12 using probabilistic methods [16][17][18] to show that vertical motions of Earth's crust exerted the dominant control on regional spatial differences in relative sea-level trends along the US East Coast during 1900-2017, explaining most of the large-scale spatial variance. Rates of coastal subsidence caused by ongoing relaxation of the peripheral forebulge associated with the last deglaciation are strongest near North Carolina, Maryland and Virginia. Such structure indicates that Earth's elastic lithosphere is thicker than has been assumed in other models [19][20][21][22] . We also find a substantial coastal gradient in relative sea-level trends over this period that is unrelated to deglaciation and suggests contributions from twentieth-century redistribution of ice and water. Our results indicate that the majority of large-scale spatial variation in longterm rates of relative sea-level rise on the US East Coast is due to geological processes that will persist at similar rates for centuries.
Identifying the causes of historical trends in relative sea level-the height of the sea surface relative to Earth's crust-is a prerequisite for predicting future changes. Rates of change along the eastern coast of the USA (the US East Coast) during the past century were spatially variable, and relative sea level rose faster along the MidAtlantic Bight than along the South Atlantic Bight and the Gulf of Maine. Past studies suggest that Earth's ongoing response to the last deglaciation [1] [2] [3] [4] [5] , surface redistribution of ice and water [5] [6] [7] [8] [9] and changes in ocean circulation 9-13 contributed considerably to this large-scale spatial pattern. Here we analyse instrumental data 14, 15 and proxy reconstructions 4,12 using probabilistic methods [16] [17] [18] to show that vertical motions of Earth's crust exerted the dominant control on regional spatial differences in relative sea-level trends along the US East Coast during 1900-2017, explaining most of the large-scale spatial variance. Rates of coastal subsidence caused by ongoing relaxation of the peripheral forebulge associated with the last deglaciation are strongest near North Carolina, Maryland and Virginia. Such structure indicates that Earth's elastic lithosphere is thicker than has been assumed in other models [19] [20] [21] [22] . We also find a substantial coastal gradient in relative sea-level trends over this period that is unrelated to deglaciation and suggests contributions from twentieth-century redistribution of ice and water. Our results indicate that the majority of large-scale spatial variation in longterm rates of relative sea-level rise on the US East Coast is due to geological processes that will persist at similar rates for centuries.
Relative sea level (RSL) is the distance separating Earth's crust from the sea surface. Changes in RSL can arise from any number of geological processes or climate dynamics that affect vertical land motion (VLM), sea surface height (SSH) or both. Identifying the processes responsible for RSL changes in historical coastal tide gauge records is important for anticipating future coastal hazards and constraining recent global-mean RSL rise 6, 7, 22, 23 . The origin of large-scale spatial variation in centennial RSL trends as measured by tide gauges along the US East Coast has long been unclear [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] 24 (Extended Data Fig. 1 ); these trends are higher along the Mid-Atlantic Bight than along the South Atlantic Bight and the Gulf of Maine (Fig. 1a) . Earlier studies argue that vertical crustal motions and gravity field changes tied to glacial isostatic adjustment (GIA)-Earth's ongoing viscoelastic adjustment to the termination of the last ice ageare the dominant contributors to the spatial variation in RSL trends 1, 2 , such that higher trends on the Mid-Atlantic Bight reflect ongoing subsidence of the peripheral forebulge of the Laurentide Ice Sheet. Noting discrepancies between patterns of coastal RSL trends inferred from GIA models and tide gauge data, however, other work has highlighted the importance of ocean dynamics 10 , tectonic motions 24 or errors in GIA models 3 . More recently, investigations using updated GIA models, proxy reconstructions derived from saltmarsh sediment, and global positioning system (GPS) data hypothesize that, in addition to GIA, sediment compaction 5, 6 , dam retention 7, 8 , groundwater withdrawal 7, 8 , melting of the Greenland Ice Sheet 9 , ocean thermal expansion 9, 13 or changes in ocean circulation [10] [11] [12] contribute to the spatial variation in US East Coast RSL trends.
It is unclear whether these studies are contradictory. Formal error bars provided in these various studies do not account for important uncertainties inherent to the models, data and processes under consideration. Models of GIA suffer from uncertainties tied to ice history, mantle viscosity and lithospheric thickness 3 . Point-referenced tide gauge records, GPS data and saltmarsh-sediment proxy reconstructions can be short, sparse and fragmented; contaminated by local noise; and are seldom co-located alongside one another 17,25 (for example, see Fig. 1a, b) . Further complicating the interpretation of differences among studies is the existence of dependencies between models and data, and between different datasets, which have been ignored 16 . Rigorously determining the relative roles of VLM and SSH changes, and of GIA, in explaining the observed large-scale spatial structure in US East Coast RSL trends requires a mathematically coherent synthesis of available observations and models.
We use Bayesian data analysis [16] [17] [18] to jointly infer the large-scale (larger than 500 km) spatial structure of centennial RSL trends on the US East Coast during 1900-2017. The contributions of VLM and SSH changes arising from GIA and other processes are determined at a common set of 0.5° × 0.5° regularly spaced coastal grid points (see Methods). Inferences are based on 53 annual tide gauge RSL records 14 , VLM estimates from 42 GPS stations 15 , proxy RSL reconstructions derived from radiocarbon-dated sediment from 23 saltmarshes 4, 9, 12 and 216 prior GIA model predictions based on three ice history models [19] [20] [21] and 72 combinations of viscoelastic Earth structure parameters 23 (see Methods). RSL and other quantities of interest are modelled as processes with spatiotemporal dependencies that are described by uncertain parameters, including autocorrelation timescales, spatial ranges and error variances. Data are represented as noisy, biased and gappy versions of the underlying processes. We invert the model using Bayes' rule to obtain the posterior probability distribution of the processes and parameters conditional on the data and prior estimates. The fully probabilistic solution provides rigorous uncertainty estimates, and allows for estimation of subtle pathwise statistics 16 , such as the probability density function associated with a spatially averaged value, the spatial variance in one process that is explained by another process, or whether a particular location features an extreme value.
Separating large-scale signals of interest from local processes and noise (see Methods; Figs. 1, 2), we find it very likely (probability P = 0.98) that the RSL trend averaged over the Mid-Atlantic Bight (3.4 ± 0.5 mm yr −1 ) is larger than over the South Atlantic Bight (2.7 ± 0.6 mm yr ; Fig. 1c, f) . All ± ranges are 95% posterior credible intervals. The maximum RSL rise rate (4.5 ± 0.7 mm yr −1 ) is likely (P = 0.75) to occur in North Carolina or Virginia, while the minimum trend (1.3 ± 0.8 mm yr ) is likely (P = 0.86) to occur in Florida or Maine (Fig. 1e) . Similarly, it is likely (P = 0.89) that the average VLM rate over the Mid-Atlantic Bight (−1.4 ± 0.4 mm yr ; Fig. 1d, h ). We note that negative VLM reflects subsidence and hence contributes to sea-level rise. Correspondingly, the most negative VLM rate (−2.5 ± 0.6 mm yr ) is very likely (P = 0.90) to occur in Maine (Fig. 1g ). These regional spatial patterns are hinted at in the data (Fig. 1a, b ), but the model e, GIA-driven VLM; f, GIA-driven SSH; g, non-GIA RSL; h, non-GIA VLM; and i, non-GIA SSH. The 95% pathwise credible intervals are determined by broadening the 95% pointwise credible intervals until 95% of the solutions are encompassed. Black lines are prior 95% pointwise credible intervals.
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solutions are considerably smoother, owing to the suppression of noise associated with the spatiotemporal filtering and the joint assimilation of data streams involved in the Bayesian algorithm.
There is a striking visual correspondence between the latitudinal structures of the large-scale RSL and VLM trends (Fig. 2a, b) . Adding posterior draws of regional RSL and VLM trends decreases the alongshore variance in the latter by a median of 73% (Fig. 3 ). Inferred regional SSH trends are comparatively more uniform (Fig. 2c) . Nevertheless, there are hints of large-scale spatial structure, such that regional SSH trends are higher north of Cape Hatteras than south of that point (Fig. 2c) .
More insight is gained by partitioning the regional trends ( Fig. 2a-c ) into GIA and other contributions ( Fig. 2d-i ; see Methods). We ascribe 69% of the large-scale variance in coastal VLM rates to GIA (median estimate). Estimated subsidence rates due to GIA are pronounced over the coastal Mid-Atlantic Bight, with the strongest trend (−1.4 ± 1.2 mm yr ) likely (P = 0.81) to be found in North Carolina, Maryland or Virginia, reflecting the collapse of the peripheral forebulge (Fig. 2e) . Large-scale SSH trends due to GIA exhibit a statistically significant (P > 0.99) latitudinal gradient, with values increasing from south to north (Fig. 2f) -a consequence of geoid changes associated with mantle material flowing back to areas formerly overlain by the Laurentide Ice Sheet. The maximum RSL trend due to GIA (2.0 ± 0.4 mm yr ) is likely (P = 0.69) to be found in North Carolina, Maryland or Virginia, but is unlikely (P = 0.23) to be found in the states of Delaware or New Jersey, which are further north. This contrasts with past analyses of saltmarsh-sediment proxy reconstructions reasoning that the maximum rate of late-Holocene and ongoing RSL rise on the US East Coast due to relaxation of the peripheral forebulge is found in Delaware or New Jersey 4 . This apparent discrepancy arises from the uneven spatial distribution of the available saltmarsh reconstructions (see Supplementary Information).
Posterior GIA estimates are narrower than their corresponding priors (Fig. 2e, f) , indicating that the posterior solutions are informative for distinguishing between the uncertain Earth structures and ice histories. Depending on ice and Earth-model choice, root-mean-square deviations between prior predictions and posterior solutions for RSL trends due to GIA are 0.4-1.9 mm yr −1 (95% credible interval; see, for example, Fig. 4a ). Viscosity ranges of (0.3-0.5) × 10 21 Pa s and (2-3) × 10 21 Pa s for the upper and lower mantle are, respectively, very likely (P = 0.92; Fig. 4b ), and these are consistent with a recent study 26 comparing observed elevations of sealevel highstand markers along the US East Coast and the Caribbean to GIA model simulations during Marine Isotope Stages 5a and 5c. Our posterior GIA solutions are mostly constrained by the saltmarsh reconstructions and GIA priors, whereas the instrumental records have less influence (see Supplementary Information) . The ice models adopted here [19] [20] [21] were constructed by assuming an underlying viscoelastic Earth structure, and are not independent of the Earth models. Earth models assumed in earlier studies [19] [20] [21] have viscosity structures similar to the prior Earth models favoured by our posterior solutions (Fig. 4a,  b) , so the viscosity ranges quoted above may be a natural consequence of the adopted ice models. However, the elastic lithospheric thickness favoured here (125 km; P = 0.86) is higher than in previous work [19] [20] [21] [22] . In keeping with physical intuition, the GIA solutions comprising our prior have a forebulge location that tends to be located further south with thicker lithosphere.
Given the long timescales characterizing GIA, the posterior solutions can be used to project RSL rise due to GIA into the future (Fig. 4c) . RSL averaged over the South Atlantic Bight, the Mid-Atlantic Bight and the Gulf of Maine is predicted to rise by 2.5 ± 3.7 cm, 10.3 ± 2.2 cm and 4.3 ± 2.6 cm, respectively, during 2018-2100 owing to GIA (Fig. 4d) . New York City and Washington DC are expected to experience respective increases of 9.6 ± 4.5 cm and 11.0 ± 4.8 cm (Supplementary  Table 5 ), consistent with other recent estimates 5, 22, 27 . Such changes related to inexorable geological processes will exacerbate predicted sea-level rise related to ocean thermal expansion, melting land ice and ocean circulation changes 22, 27 . Although GIA is the first-order control on the regional spatial structure in centennial RSL trends, second-order contributions from other processes are evident in the posterior solution (Fig. 2g-i) . RSL trends unrelated to GIA are very likely (P = 0.95) to increase from northern Maine to southern Florida (Fig. 2g) . This structure is consistent with recent work 28 suggesting that ice melting, groundwater pumping and dam building globally since 1900 have caused higher RSL trends along the southern South Atlantic Bight than along the northern Gulf of Maine. Regional subsidence due to groundwater pumping and sediment compaction in South Carolina, North Carolina, and New Jersey reported previously [5] [6] [7] does not feature strongly in our largescale estimation, in that 95% credible intervals include zero (Fig. 2h) , but residual analysis reveals significant local subsidence in these areas (see Supplementary Information). After removing the latitudinal trend, we find it very likely (P = 0.91) that Maine (at 43° N) is experiencing regional uplift (positive VLM) unrelated to GIA (Supplementary Table 6 ), corroborating a recent hypothesis 8 that coastal Maine is uplifting isostatically in response to dam building over Québec, Canada. The coastal SSH expression of a poleward migration of the Gulf Stream during the twentieth century 11 -higher trends on the Mid-Atlantic Bight than on the South Atlantic Bight and the Gulf of Maine-does not appear in our posterior solution ( Fig. 2i; Supplementary Table 6 ). Furthermore, our solution is inconsistent with a dominant centennial contribution from ocean thermal expansion 13 or declining Atlantic circulation and meridional heat transport [29] [30] [31] , which would lead to higher RSL and SSH trends to the north of Cape Hatteras than to the south of that point 32 .
We identified the influences of VLM and SSH changes, arising from GIA and other processes, on the large-scale spatial variation in US East Coast RSL trends during 1900-2017. These findings clarify and build upon previous studies [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] 24 . Additional experiments demonstrate that our model solutions are robust to reasonable alternative selections for the priors on the scalar model parameters, study period duration and GPS dataset (see Supplementary Information). This work illustrates the value of jointly assimilating disparate data streams and modelling coupled physical processes within a coherent probabilistic framework for rigorous uncertainty quantification. In future work it will be useful -100% -50% 0% 50% 100%
Variance explained (%) 191-196 (2018 Table 2 We also use proxy RSL reconstructions derived from radiocarbon-dated saltmarsh sediment, often called RSL index points, which are given as pairs of calibrated age and RSL (the difference between the altitude of a sample and the midpoint of its indicative range 35 ). We use 164 RSL index points from 23 saltmarshes culled from the Holocene database of Engelhart and Horton 4 and updated to include data from northeastern Florida 12 (Supplementary Table 3 ). The formal uncertainties account for indicative range, radiocarbon dating, surveying and coring errors, but not for sediment consolidation errors. The geographic distribution of the data are highly uneven along the US East Coast. Because we wish to constrain contemporary trends related to GIA, we consider only RSL index points whose median calibrated age is between 2,000 and 150 years before present (where the 'present' is the year 1950). For a given saltmarsh site to be considered in the analysis, it must have at least three RSL index points with median ages within this specified range. We select this age range to predate a dominant anthropogenic influence on RSL, and to consider a period during which the contribution of GIA to RSL trends can reasonably be approximated as linear through time. GIA model predictions. We incorporate predictions for contemporary VLM and SSH rates from 216 GIA models. ). Model solutions are generated as described by ref. 23 and brought into the Bayesian framework as priors, as described below and in the Supplementary Information. Bayesian framework. We develop a Bayesian algorithm for analysing tide gauge records, GPS data, RSL index points and GIA model predictions. The algorithm is a hierarchical dynamical spatiotemporal model 18 . The basic design follows ref.
30. Caesar, L., Rahmstorf, S., Robinson, A., Feulner, G. & Saba, V. Observed fingerprint of a weakening Atlantic Ocean overturning circulation. Nature 556,
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, who describe an algorithm for analysing tide gauge data on the North American northeast coast. Generalizations are made to analyse a larger region; to assimilate GPS data, RSL index points and GIA model solutions; and to separate the regional signals from local noise. A residual analysis justifying the model's form given the data follows in the Supplementary Information. Process level. We wish to model RSL, VLM and SSH due to GIA and other processes. Given the nature of the data, our approach is to distinguish two periods, during which the controls on RSL changes are expected to be different. The first period is the modern era (since 1900), during which anthropogenic forcing affects centennial RSL rise, and instrumental data are available. For this period, during which observations are precisely dated, we seek to infer RSL process at all times and locations. The second period is a pre-industrial period (between 2,000 and 150 years before present), during which geological effects are expected to have a dominant control on longterm RSL trends, and RSL index points are available. For this period, during which the RSL index points have uncertain ages, we seek to infer the RSL process only at a subset of times and locations.
First, we consider the instrumental period. We model the spacetime evolution of the modern RSL process, y k = [y 1,k , …, y N,k ] , for time steps k ∈ {1, …, K} and locations n ∈ {1, …, N} as a spatial field of linear temporal trends superimposed on a first-order autoregressive [AR(1)] process driven by spatially correlated temporal innovations:
Here t k is the time at step k, r is the AR(1) coefficient, b is the spatial vector of temporal trends, and e k is the sequence of innovations. All model parameters are listed in Supplementary Table 4 . The decision to model the detrended RSL residuals as an AR(1) process was motivated by ref. 36 , which demonstrates that this assumption is justifiable for annual changes. Time steps are centred on zero, such that
We model e k as a zero-mean, temporally independent and identically distributed (IID), spatially correlated vector,
, where ~ is read 'is distributed as' , N p q ( , ) is the multivariate normal vector distribution with mean p and covariance q, 0 X is the X × 1 column vector of zeroes, and Σ is the N × N spatial covariance matrix given by:
In equation (2) We partition the field of RSL trends b into SSH (w) and VLM (u) components,
Rates of VLM and SSH are decomposed into contributions due to GIA (denoted by subscript g) and unrelated to GIA (denoted by superscript prime): Here α and μ are spatial means, ω 2 and π 2 are partial sills, and ρ and λ are inverse ranges. Trends in VLM and SSH related to GIA-u g and w g -are assigned prior distributions based on the 216 GIA model predictions (see Supplementary  Information) . The set of vectors {b, u, w, u g , w g , u′, w′} represents large-scale, long-period contributions to the trend fields.
The full VLM process v is modelled as a Gaussian field, ε Ñ v u I ( , ) N 2 , with mean vector equal to the spatially correlated large-scale VLM field u, and a spatially uncorrelated covariance matrix. Here I X is the X × X identity matrix and ε 2 is a nugget effect 37 parameterizing the influence of local unresolved random processes. Thus, the local component of the VLM process is v − u.
Second, we consider the proxy era. We are interested in RSL at N d spacetime points, corresponding to a subset N s ≤ N of locations (N d will be the number of RSL index points and N s will be the number of saltmarshes). We model the spatiotemporal evolution of the pre-industrial RSL process,
] , with variance ε 2 ; and e i is the ith standard basis function of R N d . The matrices G and D are selection matrices of ones and zeros, which isolate the GIA-driven RSL trend (w g − u g ) and the intercept (ι), respectively, at the relevant target location. For example, G ij equals one if element i ∈ {1, …, N d } of Y corresponds to target location j ∈ {1, …, N}, and equals zero otherwise.
Unlike modern RSL y k , pre-industrial RSL Y is modelled without residual autocorrelation in time. This choice is motivated by the nature of the RSL index points. Recall that we choose to infer Y only when and where RSL index points are available. This choice is made to speed up the algorithm. Index points at a particular
